Introduction
The demand for commercial aviation is expected to rise steadily in the coming years, with annual growth estimated to be 5% over at least the next two decades (FAA, 2009b; Metz et al., 2007; Schäfer and Waitz, this volume) . With this anticipated growth comes increasing concerns regarding the potential environmental impacts of aviation, which include aircraft noise, air quality degradation, and climate change. Of these issues, aircraft noise is of chief concern, as it has the most immediate and perceivable impact on surrounding communities (GAO, 2000; Schipper, 2004; Wolfe et al., this volume) . These impacts can include annoyance, sleep disturbance, interference with school learning and work performance, and physical and mental health effects (McGuire, 2009; Swift, 2009) . In addition to the physical effects, policymakers, researchers, and aircraft manufacturers are also interested in the monetary impacts of aviation noise, such as housing value depreciation, rental loss, and the monetary value of lost work or school performance. The quantification of these monetary impacts provides tangible measures with which to conduct cost-benefit analyses of various policy options for aviation.
The objectives of this paper are two-fold. First, the paper introduces a method to assess the monetary impacts of aviation noise in order to evaluate policy alternatives and inform decisionmaking. The proposed method is termed the income-based noise monetization model, and estimates individuals' Willingness to Pay for noise abatement based on city-level personal income, which differs from conventional approaches that rely on detailed real estate data. The second objective of the paper is to describe how such a monetization model can be implemented within the framework of an aviation policy assessment tool, such as the United States Federal Aviation Administration's APMT-Impacts Noise Module, to estimate the worldwide economic impacts of aviation noise.
The organization of the paper is as follows: Section 2 presents an overview of valuation methods used for aviation noise and motivates the need for a new monetization approach. Section 3 details the development of the income-based noise monetization model, with particular emphases on meta-analysis and econometric estimation. Section 4 frames the context for model application by presenting an overview of the APMT-Impacts Noise Module. Section 5 describes the use of the model to perform benefit transfer using a realistic aviation noise scenario; the results of this section not only demonstrate model applicability but also give a benchmark measure of convergent validity. Finally, Section 6 provides some concluding remarks.
Background and motivation
In environmental economics, quietness is viewed as an amenity that has an associated economic value. However, because there are no explicit transaction costs associated with this public good, it is necessary to employ non-market valuation methods in order to discern its value to the community (Hanley et al., 1997) . The two general categories of non-market valuation methods are revealed preference and stated preference (EPA, 2000) .
The most common approach for assessing the monetary impacts of aviation noise is hedonic pricing (HP), a revealed preference technique that uses statistical methods to identify differences in housing markets between noisy and quiet areas to determine the implicit value of quietness (or conversely, the cost of noise) (Wadud, 2009) . Typical metrics used in HP are housing value depreciation and rental loss. These real estate-related damages are used as surrogate measures for the wider range of interdependent noise impacts that are difficult to assess separately, although it is recognized that such estimates may undervalue the full impacts of noise.
Hedonic pricing studies typically derive a Noise Depreciation Index (NDI) for one airport region, which represents the percentage decrease in property value corresponding to a one decibel (dB) increase in noise level in the area. Numerous such studies have been conducted for various airports in North America, Europe, and Australia, though few studies exist for other regions. Several meta-analyses have summarized the HP literature, showing that typical aviation NDI values for owner-occupied properties range between 0% and 2.3%, with median estimates between 0.60% and 0.70% (Nelson, 2004; Schipper et al., 1998; Wadud, 2009) . Furthermore, NDI values tend to be similar across countries and stable over time (Nelson and Palmquist, 2008) . 2 In addition to quantitatively integrating literature pertaining to a specific topic, meta-analyses also enable researchers to identify trends and make inferences (Stanley and Jarrell, 1989; Rosenberger and Stanley, 2006) . In the context of aviation noise, the goal of a meta-analysis is to derive a generally valid relationship between noise level and community impact in order to enable benefit transfer from one location to another. Such transfers are of critical importance to environmental policymaking; because of the broad (potentially global) scope of aviation policies and limited time and resources to perform new valuation studies, it is desirable and necessary to generalize the results from "study sites" to "policy sites" where limited or no data exist (Rosenberger and Loomis, 2000; Navrud, 2004) . To date, there has been only one study which uses HP-derived NDI values to estimate the global economic impacts of aviation noise (Kish, 2008) . The Kish (2008) study was conducted using a previous HP-based version of the APMTImpacts Noise Module, which employed an NDI of 0.67% (derived by Nelson, 2004) to perform benefit transfer across 181 airports around the world. These 181 airports are part of the 185 Shell 1 airports in the FAA's Model for Assessing Global Exposure to the Noise of Transport Aircraft (MAGENTA), and comprise an estimated 91% of total global aviation noise exposure. 3 The study concluded that at 2005 noise levels, commercial aviation noise resulted in a total of $21.4 billion in capitalized housing value depreciation in year 2006 US Dollars (USD), and an additional $800 million per year in lost rent. 4 In terms of physical impacts, Kish (2008) estimated that there were over 14.2 million people exposed to at least 55 dB DNL of commercial aviation noise; of that group, 2.3 million were estimated to be highly annoyed based on surveys that related annoyance to noise level (Miedema and Oudshoorn, 2001).
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As the Kish (2008) study estimated monetary impacts in terms of depreciation in real estate value, it required detailed data for house prices and rental costs around all 181 airports. However, except for the United States and the United Kingdom, these data were generally not readily available at the required resolution. Instead, a statistical model was employed based on US data, which estimated house price as a function of distance from an airport, number of enplaned passengers at the airport, county-level population density, and state GDP per capita (ICF International, 2008) . While this real estate model enabled the APMT-Impacts Noise Module to perform global estimates of aviation noise impacts, it had several limitations: it was derived solely from US property value data, verification tests for three UK airports revealed discrepancies of up to 70% between predicted and observed house prices, and additional estimation models were required to obtain all the necessary inputs (He, 2010) . In order to be a practical and reliable tool to support policy analysis and decision-making, a new version of the APMT-Impacts Noise Module was desired, one which does not suffer from the same data constraints and delivers comparable or greater accuracy and robustness for global applications. The development of such a model is the subject of the following sections.
(footnote continued) known as the Aviation Environmental Tools Suite, and was motivated by a report made to the US Congress on aviation and the environment that underscored the need to develop a set of tools and metrics that can be used to assess and communicate the environmental impacts of aviation, as well as inform policymaking decisions (Waitz et al., 2004) . The Tools Suite consists of five main components, one of which is the Aviation environmental Portfolio Management Tool for Impacts (APMT-Impacts). The various modules within APMT-Impacts evaluate the physical and socio-economic impacts of policy alternatives as they relate to climate, air quality, and aircraft noise. This paper pertains to the APMTImpacts Noise Module. For more information on the Aviation Environmental Tools Suite and APMT, see Mahashabde et al. (2011) .
2 An alternative to HP is contingent valuation (CV), a stated preference approach that uses survey methods to explicitly determine individuals' Willingness to Pay (WTP) for noise abatement, or alternatively, Willingness to Accept (WTA) compensation for noise increases. However, the accuracy of CV is often questioned (Diamond and Hausman, 1994) , and CV-based studies of aviation noise impacts are very few and yield no consistent results (for example, Navrud (2002) summarizes a handful of such studies, which predict WTP values ranging between €8 per dB per household per year to almost €1000). For these reasons, CV studies for aviation noise will not be discussed further in this paper.
3 MAGENTA is an FAA-developed model used to estimate the number of people exposed to aviation noise worldwide. The model's database includes 1700 world civil airports that handle jet traffic, which are divided into two sets: Shell 1 includes 185 airports, and Shell 2 the remainder (FAA, 2009a) . The base year of the noise exposure estimates is 1998. 4 An NDI of 0.67% was used to estimate both housing value depreciation and rental loss. 5 The Day-Night average sound Level, or DNL, is the 24-h A-weighted equivalent noise level with a 10 dB penalty applied for nighttime hours. A similar measure, the Day-Evening-Night average sound Level (DENL), is commonly used in Europe; DENL is very similar to DNL, except that it applies a 5 dB penalty to noise events during evening hours.
Meta-analysis
Following Nelson and Palmquist (2008) , the procedure for the development of the income-based noise monetization model is to start with a meta-analysis of existing HP studies, derive a relationship for the Willingness to Pay (WTP) for noise abatement with respect to income and other significant explanatory variables, and use the resulting function for global benefit transfer of monetized aviation noise impacts. The underlying assumption of this approach is that the WTP for noise abatement is correlated with regional income level.
Data set
The data set used in the meta-analysis is based on Wadud (2009), which compiled 65 HP studies for aviation noise from various airports in seven countries: the US, Canada, the UK, Australia, France, Switzerland, and the Netherlands.
6 These studies were conducted between 1970 and 2007, and each determined an NDI for its respective airport region. Two more recent HP studies were added to the data set, which were conducted in Amsterdam, the Netherlands, and Bangkok, Thailand (Dekkers and van der Straaten, 2009; Chalermpong, 2010) . The mean and median NDI of all 67 studies are 0.83% and 0.70%, respectively, which are higher than the unweighted mean and median values reported by Nelson (2004) (0.75% and 0.67%, respectively). For each study, the author, year, airport location, NDI, information about whether the functional form of the NDI regression model was linear, and whether benefits related to airport access were considered are listed in Appendix A. Where available, the study sample size and average property value in the airport region are also presented. In order to relate income with the WTP for noise abatement, a search was conducted to obtain a complete set of property value, household size, and income data for all 67 studies. For 54 of the studies, the average property value in the airport region during the year of the study was available from Wadud (2009) . For the remaining 13 studies, the average value of owner-occupied properties in the city during the year of the noise study was obtained from national statistical agencies, including the US Census Bureau, the UK Office for National Statistics, the Australian Bureau of Statistics, and Statistics Netherlands. Similarly, the household size in each city during the year of the noise study was also obtained from these agencies.
For income, the selected indicator was the average per capita personal income for each city derived from household surveys; alternatively, the city-level average household income was also used where available, as dividing by the city-level household size results in the average per capita personal income. This metric was chosen because it is directly reflective of the economic status of the local population. Other common economic indicators, such as the per capita Gross Domestic Product (GDP) or Gross National Income (GNI), do not properly account for social and environmental costs and benefits, and therefore may not be suitable proxies for the standard of living in a region (Goossens et al., 2007) . For the US cities, income data were obtained from the US Bureau of Economic Analysis, which provides per capita personal income for each year and metropolitan statistical area (MSA) dating back to 1969 (US BEA). For non-US cities, historical income data were obtained from various national statistical agencies. In the few cases where city-level income data were not available, county-level or region-level income data were used. Though most studies were conducted in high-income regions, a large income range is represented -from $2630 (Bangkok, Thailand) to $36,019 (Reno-Sparks, NV, USA). The mean income in the meta-analysis was $21,786, the median $21,923, and the standard deviation $7378 (all in year 2000 USD-PPP).
In order to ensure consistent comparison across all studies, the year 2000 was selected as the reference time point, the US Dollar as the reference currency, and the Purchasing Power Parity (PPP) as the metric for currency conversion.
7 If the income or property value for the year of the study was not available, the value for a nearby year was selected and adjusted to the year of interest using the national growth rate in income or real estate value, respectively (He, 2010) . Further time adjustments were made using the national inflation rate between the study year and 2000. Upon the completion of the data search, four of the 67 studies were excluded because city-level property value or income data could not be obtained.
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Following Nelson and Palmquist (2008) , the NDI, mean property value, and mean household size were used to estimate a per capita WTP for noise abatement. This relationship is given by
The product of the NDI derived in each study and the corresponding average property value can be interpreted as the WTP for one decibel less noise per household. Dividing this value by the average household size gives the WTP per person. It is important to note that the result is a capitalized value that encompasses not only the property value depreciation due to the current noise level, but also the future noise damages anticipated by the house buyers. 9 Fig. 1 shows the per capita income and WTP for the 63 studies in the meta-analysis, separated by US and non-US airports. Several statistical tests were performed on the data set. The Cook's Distance Test was used to identify five outliers; ordered by significance, they are: New York -John F. Kennedy (1994) ; London -Gatwick (1996) ; Los Angeles (1994), Geneva (2005) , and London -Heathrow (1996) (Fig. 1) . Another typical concern in metaanalyses is the presence of heteroscedasticity (Stanley and Jarrell, 1989; Nelson and Kennedy, 2009) . 10 The Breusch-Pagan/CookWeisberg Test was used to conclude that heteroscedasticity is not present in the data set, as the null hypothesis of homoscedasticity could not be rejected for a p-value of 0.24.
Econometric estimation
A meta-regression analysis was performed to derive a general relationship between average personal income and the WTP for noise abatement (Stanley and Jarrell, 1989; Stanley, 2001 ). First, it was necessary to specify the functional form of the regression.
6 Twenty-one of the 65 studies compiled in Wadud (2009) were previously included in other meta-analyses by Walters (1975) , Pearce and Markandya (1989) , Barde and Pearce (1991) , Bateman et al. (2001) , Nelson (2004) , and Envalue (2007) . 7 The PPP is used in lieu of the market exchange rate because it accounts for the relative cost of living in different countries. This choice is consistent with the meta-analysis of Wadud (2009) . The PPP is appropriate for global comparisons because it does not systematically understate the purchasing power of low-income nations (Schäfer and Victor, 2000) . 8 These four studies are: Sydney 1971 , Englewood 1972 , Bodo 1984 , and Basel 1988 . 9 In hedonic pricing, the monetary impacts of aviation noise (or conversely, the implicit value of quietness) are captured by the observed difference in the price between a house in a noisy area and an otherwise identical house in a quiet area. However, the monetary loss due to noise is a one-time occurrence, which is only realized when the owner sells the house. When applying the income-based noise monetization model, the capitalized noise impacts (estimated using the capitalized WTP) can also be transformed into annual impacts and Net Present Value. These conversions are discussed in more detail in Section 4. 10 Heteroscedasticity means that the individual observations in the data set were drawn from samples with disparate variances, which would violate the homoscedasticity assumption of ordinary least-squares regression (Kennedy, 2003; Schipper et al., 1998) .
Several options were considered, including linear, quadratic, cubic, logarithmic, exponential, and power regressions. However, none of the more complex functional forms was a particularly good fit for the data, and a simple linear function was selected. This specification choice confers the most tractable model given in the scattered data set, and is also consistent with several previous studies that examined the income elasticity of WTP for various environmental goods (Hökby and Söderqvist, 2001; Kriström and Riera, 1996) . An initial regression model was constructed that relates income and WTP (Model 0). Using ordinary least-squares (OLS) regression, coefficients α and β corresponding to the intercept and income were computed to be 302.72 (p ¼0.19) and 0.0107 (p¼ 0.29), respectively. The mean-square-error (MSE) of the regression was 3.32e5, and the R 2 and adjusted R 2 values were 0.02 and 0.003, respectively. These statistics, especially the low R 2 and adjusted R 2 values, indicate that income alone does not adequately capture the observed trends in WTP, and additional explanatory variables must be considered.
Model 0 : WTP ¼ αþβ Â income Fig. 1 illustrates that the US studies show a consistently lower WTP relative to income than the non-US studies. To capture this trend, two new regression models were considered. In Model 1, a dummy variable was included, which equals zero for US studies and one for non-US studies. Since most of the non-US studies were carried out in Europe, where airport-related noise is a major concern and has led to many delays in airport expansion projects, a positive correlation is expected for this variable and WTP. However, the use of a non-US dummy variable assumes that the slope of the relationship between WTP and income remains identical between the US and non-US studies, with the only difference being the intercept. To permit the slope to vary, Model 2 introduced an interaction term between income and the non-US dummy variable. This variable effectively acts as a Boolean switch that selects between two different regression relationships -one for US studies, and one for non-US studies. These two regression models are shown below, where α, β, and γ denote the coefficients of the intercept, income, and the selected non-US variable, respectively.
Performing F-tests between Models 0 and 1, and between Models 0 and 2 give F(1, 60) ¼5.15 (p ¼0.03) and F(1, 60)¼ 5.91 (p ¼0.02), respectively, indicating that there is enough evidence to conclude that Models 1 and 2 outperform Model 0 in explaining the 63 observations. Therefore, US versus non-US differences in the WTP for noise abatement must be accounted for. Using OLS linear regression, the regression statistics for Models 1 and 2 are shown in the left side of Table 1 .
In addition to income and the interaction term, several other control variables were introduced in the meta-regression analysis so as to assess their potential effect on the WTP for aviation noise abatement (Stanley and Jarrell, 1989; Stanley, 2001) . These variables include dummies for the NDI functional form, airport accessibility, and each of the decades represented in the data set, and are consistent with the control variables employed by Nelson (2004) and Wadud (2009) . A full linear regression model including all control variables is shown in Model 3; the respective coefficients are denoted by α, β, γ, and δ 1 through δ 5 .
The functional form dummy variable refers to whether the primary study derived the NDI based on a linear or a semilogarithmic regression specification; this choice has been shown to significantly affect the NDI result (Schipper et al., 1998) . A linear model generally tends to overestimate noise impacts, and thus a positive sign is expected for this variable (Wadud, 2009 ). The airport accessibility dummy variable refers to whether or not the primary study considered the benefits of having an airport nearby in addition to the drawbacks. Such benefits can include, for example, the ease of travel and employment opportunities. The expected sign for this variable is therefore negative, because the property value depreciation (and the corresponding WTP) should be less when also considering positive externalities of an airport. Three decade dummy variables are also introduced, one each for studies conducted in the 1980s, 1990s, and 2000s (with the 1970s decade as the default). These are used to capture any time-specific trends relating to having a set of studies that spans almost 40 years. The regression statistics for Model 3 using OLS regression are also shown in Table 1 .
Due to the large variability in the data set, weighted leastsquares (WLS) regression was also considered in order to lessen the susceptibility of the meta-regression model to outliers. Common WLS strategies include weighting each observation by the primary study sample size or by the reciprocal of the sample variance, such that observations derived from studies with larger sample sizes or smaller sample variances are considered to be more reliable (Nelson and Kennedy, 2009 ). Sample variances were not readily available for a number of the 63 hedonic noise studies, though primary study sample size was known for 60 of the 63. The middle set of columns in Table 1 shows regression statistics for Models 1-3 using WLS regression with sample size weights (also known as WLS-Sample Size for short).
In addition to the WLS-Sample Size regression scheme, another WLS strategy was also considered, which uses a robust bisquare estimator (abbreviated as WLS-Robust). This approach iteratively reweights the 63 observations in order to minimize the sum of the absolute error.
11 The resulting scheme underweighs outlying observations such that the regression model follows the bulk of the data; other outcomes include smaller standard errors and lower sensitivity to outliers. For these reasons the WLS-Robust regression may be well-suited to handle the scattered data set; regression statistics for Models 1-3 using this approach are shown in the last set of columns in Table 1 . 
Selecting a noise monetization model
Appendix B provides a discussion of various possible interpretations of the meta-regression results, which suggest that of the nine regression relationships listed in Table 1 , there does not appear to be one that clearly dominates the rest in terms of statistical significance and aptness in fitting the observed data set. However, in adopting a model to evaluate global monetary noise impacts, several factors can be considered to guide a sensible choice. First, the selected model should suitably fit the underlying data, and contain significant explanatory variables for WTP. Second, the model should be widely applicable; that is to say, it should provide reasonably accurate WTP estimates over a large income range, for both US and non-US airport regions. Finally, the desired model should be as parsimonious as possible for easy applicability. This means that when using the model to perform global benefit transfer, there would be fewer data limitations than in the previous HP approach. In the first and third points, Models 1 and 2 in any of the three regression schemes would suffice, as they contain significant regression variables and require obtaining only city-level income for each airport region in order to carry out a policy analysis. 13 The second point, however, is especially relevant to the WLS-Robust regression scheme, which suitably predicts WTP while downplaying the influence of outlying observations. Taking these considerations into account, one approach that fits all the criteria is WLS-Robust regression with Model 2. The remainder of this paper proceeds with this selected model, and demonstrates its applicability in the APMT-Impacts Noise Module. However, it is recognized that this choice is but one interpretation of the meta-regression results; as discussed in Appendix B, other model selections are possible and may also be appropriate. Finally, as additional hedonic noise studies are performed, more observations can be included in the meta-analysis, and it is expected that the relationship between income and WTP for noise abatement will be further elucidated.
For the selected model, the income variable, interaction term, and intercept (henceforth collectively referred to as the regression parameters) are related to the WTP for noise abatement according to the following equation:
Fig. 2(a) shows Eq. (2) superimposed on the meta-analysis data set. The solid and dashed lines represent the different relationships between WTP and income for the non-US and US studies, respectively. Fig. 2(b) gives a visual representation of the weighting scheme used in the robust linear regression. The markers indicating the individual observations are sized in proportion to their weights; observations near the regression lines have a weight close to one, whereas those farther away have a weight closer to zero. The five outliers identified through Cook's Distance Test are given a weight of zero, and therefore effectively excluded from the data set.
Model application

Inputs and data sources
The APMT-Impacts Noise Module uses the derived relationship between income and WTP for noise abatement to assess the global monetary impacts of aviation-related noise. In order to confirm 11 The robust bisquare estimator assigns each observation a weight of w, based on the residual r and tuning constant k, according to the equation
The default tuning constant of k ¼4.685 is used.
12 R 2 and adjusted R 2 values are omitted for the two WLS regression schemes because they are meaningful only for OLS regression with a linear model (Kennedy, 2003) . 13 If Model 3 were selected, it is not apparent how the additional dummy variables, such as NDI functional form or airport accessibility, might be accounted for when evaluating monetary impacts for various airport regions based on proposed aviation policy scenarios.
model applicability and test for convergent validity with previous results, the new model is used to assess the monetary noise impacts of a realistic aviation noise scenario. For this, several inputs are required, which include external inputs corresponding to the scenario considered for analysis (noise contours, population data, and city-level average personal income), as well as parameters intrinsic to the model itself, which are user-specified and independent of the scenario of interest (discount rate, income growth rate, significance level, background noise level, noise contour uncertainty, and regression parameters).
The noise contours and population data used in this analysis are identical to those from Kish (2008) . Noise contours represent the Day-Night average sound Level (DNL) of aircraft noise at a particular location, and are computed as yearly averages around each airport. For a policy analysis, usually two sets of contours are needed: baseline and policy. The baseline noise contours for the reference year are constructed according to actual aircraft movement data for a representative day of operations. The baseline or consensus forecast for future years represents an estimate of the most likely future noise scenario while maintaining the status quo for technology, fleet mix, and aviation demand. The policy forecast reflects the expected future noise levels after the implementation of a particular aviation policy. Typically, when using the incomebased noise monetization model for policy assessment, the relevant result is the difference in the noise impacts as a result of policy implementation (termed the "policy minus baseline" scenario). However, for consistency with Kish (2008) , only the baseline scenario is considered in the present analysis. The reference year of the noise contours is 2005, and the forecasted future year is 2035. The contours were created using MAGENTA based on operations conducted on October 18, 2005, which comprised a total of 65,235 flights. The analysis includes 181 Shell 1 airports located in 38 countries plus Taiwan; 95 of the airports are located in the US and Puerto Rico (Appendix C).
Since the new model assesses monetary impacts using a per person WTP value, detailed population data are required to estimate the number of people residing in the region surrounding each airport. They are presented as discretized grids of population density (number of persons per square meter) in the Universal Transverse Mercator (UTM) coordinate system, and were gathered from several sources: for US regions, block group-level 2000 census data were used; for European regions, the European Environmental Agency's (EEA) population maps were used; for most of the rest of the world, population data were obtained from the Gridded Rural-Urban Mapping Project (GRUMP). At present, all population data correspond to 2000 (US Census and GRUMP data) or 2001 values (EEA data), and any population changes since that time are not accounted for.
Income data were gathered from numerous sources, which are summarized in Appendix C. For the 95 US airports, MSA-level income data were obtained for 2005 from the US Bureau of Economic Analysis (US BEA). For 53 of the 86 non-US airports, city-or region-level income data were available from various national statistical agencies, which were adjusted to year 2005 USD using the appropriate income growth rate and PPP. Of the remaining airports, country-level income data were available for 26, and neither city-level nor country-level data were available for the last seven. For those airports, income was estimated at the national level based on GNI per capita for 2005 in USD-PPP.
14
The model parameters can be either deterministic or distributional. Deterministic parameters are used when the exact value of the parameter is known, or can be selected based on guidelines or on previous knowledge about a particular situation. The values used for the model parameters in this paper are consistent with the definition of the midrange lens in the APMT-Impacts Noise Module (He, 2010; Mahashabde et al., 2011). 15 Of the six model parameters, the discount rate, income growth rate, and significance level are set to be deterministic values, as they represent value judgments rather than parameters rooted in scientific knowledge. The discount rate captures the depreciation in the value of money over time, and is expressed as an annual rate. It is closely related to the time span of the analyzed policy, which is based on the typical economic life of a building and the duration of future noise impacts that is considered by the house buyers. In this analysis, the policy time span is 30 years . The nominal discount rate is selected to be 3.5%, which is consistent with previous work in APMT-Impacts (Kish, 2008; Mahashabde, 2009) ; however, because discount rates can vary greatly from country to country, Section 5 also presents a sensitivity analysis of the monetized noise impacts with various discount rate assumptions.
The income growth rate represents the annual rate of change in the city-level average personal income. It is universally applied to 14 A regression relationship was developed between GNI per capita and country-level income for the 79 airports where income data were available (World Bank, 2010) . Each country represents one observation in the regression data set; for countries with multiple airports in the analysis, the mean income over the various airport regions was used. Using linear OLS regression, the relationship is: income per capita ¼ 0.6939 Â GNI per capita (R 2 ¼0.82). 15 Lenses are pre-defined combinations of inputs and assumptions that are used to evaluate decision alternatives in APMT-Impacts. They can be used to assess a given policy from a particular perspective: for example, the midrange lens describes the most likely to occur scenario, whereas the low-impacts lens adopts an optimistic (or best-case) outlook in which the environmental impacts are minimum, and the high-impacts lens represents a pessimistic (or worst-case) view where the environmental impacts are maximum.
the income levels of all airports in the analysis when calculating the WTP for noise abatement. While this parameter may be userselected to be any reasonable value (even negative growth rates), in this analysis it is set to zero so as to ensure consistent comparison with the Kish (2008) results, and consider noise impacts solely due to the growth of aviation, rather than due to changes in economic activity.
The significance level is the threshold DNL above which aircraft noise is considered to have "significant impact" on the surrounding community. It does not affect the value of the computed monetary noise impacts, but rather designates impacts as significant or insignificant, and thereby includes or excludes them from the reported results. In this analysis, the significance level is set to equal the background noise level, such that any aviation noise above the ambient noise level in the community is perceived as having a significant impact. However, other levels of significance may also be chosen; for example, 65 dB DNL is the level defined by the FAA as the threshold below which all types of land used are deemed compatible (FAA, 2006) .
Uncertainty analysis
The distributional parameters of the model are the background noise level, noise contour uncertainty, and the regression parameters. These inputs have uncertainties that arise from limitations in knowledge, a lack of predictability, or modeling difficulties, which propagate through the model to yield uncertainties in the output. In the income-based noise monetization model, Monte Carlo (MC) simulations are used to capture this uncertainty by specifying each parameter as a probabilistic distribution, and computing an output for each input sample. Previous work has shown that 2000 MC samples are sufficient for convergence in the APMT-Impacts Noise Module (He, 2010).
The economic impacts of aviation noise should only be evaluated when aircraft noise exceeds the ambient noise level. This threshold is termed the background noise level (BNL). The BNL can vary from region to region, but for urban areas, it is typically about 50-60 dB in the daytime and 40 dB at night (Nelson, 2004) . Navrud (2002) cites numerous studies in Europe that use a BNL of either 50 or 55 dB, and recommends using 55 dB DENL for aircraft noise. In the US, under the 1972 Noise Control Act, the EPA recommends 55 dB DNL as the "level requisite to protect health and welfare with an adequate margin of safety" (EPA, 1974) . The BNL imparts uncertainty in estimated noise impacts on two fronts. First, the level of aircraft noise exceeding the assumed BNL directly affects the computed monetary damages (Eqs. (3)- (5)). Second, many of the primary noise studies in the meta-analysis estimated NDI based on an assumed BNL for the airport region; these assumptions are not consistent across studies. Inaccurate BNL assumptions in the primary studies can impact the validity of the derived NDI, and thereby influence the WTP estimate associated with the study. For example, a too-low BNL assumption correlates a higher level of aircraft noise exposure with the observed property value depreciation, resulting in an underestimate of the airport region NDI. This leads to smaller values for WTP in Eq. (1), and affects the regression models in Section 3 that relate WTP, income, and other control variables. While it may be difficult to capture the effect of BNL uncertainty in primary study NDI estimation, an attempt is made to account for BNL uncertainty in computing the level of noise exposure by specifying the parameter as a triangular distribution between 50 and 55 dB DNL, with a mode of 52.5 dB DNL.
Currently, the noise contours generated by MAGENTA are fixed values. However, any uncertainty in the area of the contours may disproportionately affect the estimated monetary noise impacts (Tam et al., 2007) . This noise contour uncertainty is modeled as a triangular distribution between À 2 and 2 dB DNL, with a mode of zero.
To express the three regression parameters from Section 3.3 as probabilistic input distributions, bootstrapping is performed with the 63 meta-analysis observations in order to generate alternative data sets and construct multiple estimates of the coefficients. In the bootstrapping procedure, 63 samples are randomly drawn with replacement from the original data set, and a WLS-Robust regression with Model 2 is used to compute the coefficients for income, the income Â non-US dummy interaction term, and intercept. This process is repeated 2000 times for each of the 181 airports in the analysis, for a total of 362,000 estimates of each regression parameter. Fig. 3 shows the bell-shaped distributions obtained from bootstrapping, as well as the associated mean and standard deviation (SD). Note that the mean value of each distribution is slightly different from the corresponding coefficient in Eq. (2) due to random sampling.
Finally, it should be noted that when assessing the monetary impacts model of a proposed aviation policy, the pertinent result is typically the difference between the policy and baseline noise scenarios. In that regard, while the modeling uncertainties discussed in this section produce first-order effects on the baseline or policy scenario outcomes individually, the effects become secondorder when considering a policy minus baseline scenario.
Algorithm and outputs
The income-based noise monetization model is a suite of scripts and functions implemented in the MATLAB s (R2009a,
The MathWorks, Natick, MA) numerical computing environment. The algorithm is shown schematically in Fig. 4 and summarized below. For each airport, the city-level average per capita personal income is combined with the income growth rate and the coefficients of the regression parameters to calculate a WTP per person per dB of noise abatement for the airport region. The population density grid and noise contour are spatially aligned according to their UTM coordinates, and superimposed to calculate the number of people around each grid point exposed to the DNL represented in the noise contour.
Taking into account uncertainty in the background noise level and the MAGENTA noise contours, the noise level (in year t) used in the calculation of monetary impacts (termed ΔdB(t)) is given by ΔdBðtÞ ¼ noise contour levelðtÞþcontour uncertainty À BNL
ð3Þ
For each grid point p, the monetized value of noise in year t, V p (t), is given by
The units of V p (t) are USD in the reference year of the noise contours. In order to compute V(t), the total noise impacts associated with year t, V p (t) is summed over all grid points within each noise contour band (e.g., 55-60 dB DNL, 60-65 dB DNL), across all noise contour bands for each airport, and finally across all airports in the analysis Because the income-based noise monetization model is developed from 63 hedonic pricing studies, the WTP for noise abatement is explicitly a function of capitalized attributes such as NDI and property value (Eq. (1)), making it also a capitalized value. Therefore, the quantity V(t) also encapsulates the anticipated noise impacts in future years. In addition to capitalized monetary impacts, annual impacts are also useful as they capture changes in aviation noise over the time span of an environmental policy. Annual impacts may be computed by multiplying V(0) by a Capital Recovery Factor (CRF), then adding the marginal increase in monetized noise impacts between adjacent years. Finally, the Net Present Value (NPV) of the impacts can be computed by summing the discounted annual noise impacts over the duration of the policy period, excluding the annuity in the reference year.
Results and discussion
The income-based noise monetization model estimates that the number of people exposed to at least 55 dB DNL of aviationrelated noise around 181 airports was 14.2 million in 2005, and could rise to 24.0 million in 2035. As expected, these values match the figures reported by Kish (2008) . Fig. 5 shows the worldwide distribution of the affected population in 2005. Approximately one-third of the 14.2 million people reside in North America, followed by 21% in Asia, 16% in the Middle East, 11% in Europe, and less than 10% in each of Eurasia, Central America, Africa, and Oceania. 16 Over the 30-year analysis span, we project a 69% increase in the exposed population solely due to the forecasted growth in aviation, since population growth is not accounted for in the model. The distribution of the total capitalized monetary impacts has a mean of $23.8 billion and a standard deviation $1.7 billion (in year 2005 USD). Of the mean value, the 95 US airports account for $9.8 billion, or some 41% of the global sum. Fig. 6 shows the relative magnitude of capitalized impacts around each of the 181 airport regions at 2005 noise levels. Approximately 44% of the global monetary impacts occur in North America, followed by 18% in Asia, 15% in Europe, 12% in the Middle East, 5% in Eurasia, 3% in Central America, and very low contributions from Africa and Oceania. Regions such as North America and Europe have a larger share of the global monetary noise impacts relative to exposed population because of the higher incomes in those areas, which result in a larger per capita WTP for noise abatement.
Of the 14.2 million people exposed to at least 55 dB DNL of aviation noise, Fig. 7(a) Exposed Population (Persons) Capitalized Impacts ($) Annual Impacts countries, 42% in developing countries, and 9% in transition countries. 17 Fig. 7(b) shows the total monetary impacts separated by economic development status. The developed countries account for more than two-thirds of the total monetary impacts, the developing countries 26%, and the transition countries 5%. The developed nations account for a significantly larger share of the monetary impacts relative to their population, and vice-versa for the developing nations. This trend is due to both the increased level of air transportation and the higher per capita income in developed nations. Another interesting metric that corroborates this trend is the relative burden of the impacts, defined as the capitalized monetary impacts for each airport normalized by the income level and exposed population in the airport region. Fig. 7 (c) shows the mean relative burden across all airports within each development category. Across a wide income spectrum, the relative burden is highest for developing nations, and lowest for developed nations.
Using a CRF corresponding to a 3.5% discount rate and a 30-year period, the capitalized noise impacts are converted into annual impacts that total $1.3 billion in 2005. The NPV of the aviation noise impacts is also computed, and the mean and standard deviation of the MC estimates are $36.5 billion and $2.4 billion (in year 2005 USD), respectively (Fig. 8) .
18 Kish (2008) reported the monetary impacts of aviation noise in terms of both capitalized impacts ($21.4 billion in housing value depreciation at 2005 noise levels) and annual impacts ($800 million in rental loss per year). In order to ensure consistent comparison with the income-based model, the NPV of the Kish (2008) results is also computed, which accounts for both contributing sources of noise impacts. Fig. 9(a) shows the variation in the mean NPV for the two models for discount rates between 1% and 10%. At a discount rate of 17 Classification of developed, developing, and transition countries is based on guidelines set by the United Nations Statistics Division (United Nations, 2010). 18 The NPV includes the anticipated increase in air traffic between 2005 and 2035, but does not account for any growth in population or income during that period. Furthermore, since the 181 airports in the analysis include few or no airports in Asia, Africa, and South America -regions with high expected rates of aviation growth, the analysis results do not capture the full extent of future aviation-related noise impacts.
3.5%, the NPV of the Kish (2008) analysis is $55.4 billion in year 2005 USD, corresponding to a À34.2% discrepancy between the two models. For most reasonable discount rate choices, the lower curve in Fig. 9(b) shows that the magnitude of the difference in the global NPV estimates between the income-based model and the HP model used by Kish (2008) is on the order of 30%.
For the 95 US airports in the analysis, comprehensive data are available for population, housing value, rental value, and income, and thus a more detailed comparison of the two monetization models is possible. Such a comparison minimizes uncertainties related to the quality and availability of real estate and income data, or to the applicability of various property value and rental price estimation methods. From the HP model, the mean NPV of aviation noise impacts for US airports total $16.7 billion, representing 30.2% of the global sum. Using the income-based model, the NPV for the US airports has a mean value of $15.1 billion, which differs from the HP model estimate by À 9.8%. Fig. 9 (a) shows that over a range of discount rates, the mean NPV computed from the two models for the 95 US airports is comparable; the upper curve in Fig. 9(b) reveals that the magnitude of the difference is on the order of 10%. Finally, it should be noted that the magnitude of the discrepancy is also influenced by the selection of the regression model in Section 3; for example, choosing a regression relationship that predicts higher WTP with respect to income (e.g., a model employing OLS regression) would increase the estimated noise impacts, and may produce a closer comparison with the Kish (2008) results.
This comparison illustrates that results for the 95 US airports from the two models are similar, despite the disparate noise valuation methods employed in the analyses. Convergent validity is achieved in that two different measurement techniques produced similar outcomes, although neither result can be assumed to be the true answer (Rosenberger and Loomis, 2000) . Each model has its own set of assumptions, such that comparisons of the results may be influenced by model uncertainties as well as by the accuracy of the algorithms.
However, there are several important advantages of the incomebased model. The main benefit is that it does not require detailed real estate data for each airport in the analysis, relying instead on citylevel income data, which are much more readily available for most regions of the world. Another key difference between the two models is that rather than separating the monetary impacts of aviation noise into housing value depreciation and rental loss, as is the case in the HP approach, the results of the income-based model in theory capture both effects. This is because in the income-based model, the WTP for noise abatement is expressed as a per person monetary value, and is applied to all individuals residing within the noise contour area to estimate the cumulative effect of housing value depreciation and rental loss. In this way, the income-based model is advantageous for global-scale policy analysis, as no knowledge is required about the split between owner-occupied and rental properties in each airport region. One limitation of the income-based noise monetization model is that it is sensitive to the availability, resolution, and accuracy of income data. While income data are available at the MSA-or citylevel for many airports, this is not the case in general, and inconsistencies in data resolution can introduce uncertainties in impacts estimates. Furthermore, the mean per capita income for persons living in the noise exposure region surrounding each airport may be significantly different from the MSA or city average. A lower income level in the immediate airport region versus the city as a whole could result in underestimation of the monetary impacts, and vice-versa. This effect may more be pronounced in areas of large income disparity, or for airports that are located far from the cities they serve. This problem can be lessened by using airport region-level income data wherever possible.
Another limitation of the income-based noise monetization model (and of the Kish (2008) analysis) is that the meta-analysis is constrained by the availability of aviation noise studies. Most of the studies in the meta-analysis were conducted in high-income nations, but the relationship derived from them between income and WTP for noise abatement is applied globally in policy analyses. In fact, little is known about the applicability of the model in low-income regions, and thus the greatest uncertainty is expected for monetary impacts estimated for airports in those locations. This is an example of generalization error in benefit transfer, which is expected to vary inversely with the degree of similarity between the study site and the policy site (Rosenberger and Stanley, 2006) . However, studies have found that generalization error tends to be mitigated when transferring the full demand function (e.g., WTP for aviation noise abatement as a function of income) instead of point values (e.g., individual NDI estimates) (Rosenberger and Stanley, 2006 and references therein). Furthermore, as these errors are common to the baseline and policy scenarios, their net effect is diminished when evaluating the change in aviation noise impacts as the result of policy implementation. Nevertheless, such uncertainties highlight the need to increase knowledge of aviation noise impacts around the globe, which would help elucidate the relationship between income and WTP for noise abatement at the lower end of the income spectrum and thereby enable a stronger assessment of the validity of results such as those shown in the present analysis.
Conclusions
Within this paper, a new model is presented that quantifies the monetary impacts of aviation-related noise based on city-level income. The model development centers on a meta-analysis of 63 aviation noise studies from eight countries, which is used to derive a relationship between the Willingness to Pay for noise abatement, city-level personal income, and an interaction term that captures US versus non-US differences. The resulting meta-regression model is statistically significant, easily applicable, and enables benefit transfer of aviation noise impacts on an international scale. This model was applied to assess the monetary impacts of aviation-related noise around 181 airports, estimating $23.8 billion in capitalized impacts in 2005, and $36.5 billion in Net Present Value between 2005 and 2035 when a 3.5% discount rate was assumed. These results compare closely with previous estimates from a hedonic pricing approach.
As a policy assessment tool for the FAA's APMT-Impacts Module, the income-based noise monetization model offers several advantages over previous hedonic pricing models, including fewer data constraints, reduced uncertainty in model inputs, and relative ease of implementation. It can be used by policymakers, aircraft manufacturers, and other stakeholders in the aviation industry to estimate the monetary impacts of technological improvements or policy measures related to aviation noise. Such analyses will enable comprehensive cost-benefit and tradeoff studies of various environmental impacts, which are crucial in making decisions to help ensure the sustainable growth of aviation in the future.
Graphical representations of the nine models are provided in Fig. 10 , where separate US and non-US regressions are superimposed on the meta-analysis data set. All nine regression results predict a higher WTP for noise abatement with respect to income for non-US cities. Note that whereas the regressions are linear with income for Models 1 and 2, in Model 3 the predicted WTP estimates are represented as scatter plots for US and non-US cities. This is because the inclusion of additional dummy variables in Model 3 introduces discontinuities in the WTP function; Fig. 10 captures only the projection of the high-dimensional relationship between WTP and other explanatory variables along the income dimension.
Using OLS regression, income is statistically significant at the 10% level for all three models, and at the 5% level for Models 1 and 2. The non-US dummy variable and the interaction term are also significant at the 5% level in Models 1 and 2, respectively. The significance of the regression variables in Models 1 and 2 supports the hypothesis that WTP for noise abatement is related to average personal income, and that this relationship differs between US and non-US airport regions. In Model 3, the R 2 and adjusted R 2 values improve when more control variables are added. Performing F-tests between Models 1 and 3, and Models 2 and 3 give F(5, 55)¼2.28 (p¼0.06) and F(5, 55)¼ 2.13 (p¼0.08), respectively. This indicates that at the 10% level, Model 3 may be a better fit for the data than the simpler models. Although OLS regression is the simplest to implement and maximizes R 2 and adjusted R 2 , it may not be the best model for the data set. Fig. 11 shows box plots of the 63 WTP observations in the meta-analysis, as well as the predicted WTP computed using the nine regression results. In both the US and non-US groups, the three OLS models consistently overestimate WTP due to the presence of high-WTP outliers. In this respect, WLS regression may be advantageous if the weighting scheme decreases model susceptibility to outlying observations. For the WLS-Sample Size regressions, Model 1 contains the most significant variables, with income at the 10% level and the non-US dummy variable at the 1% level. Although Model 2 only reveals the interaction term to be significant at the 5% level, it has the smallest standard error on the income coefficient, and the lowest MSE (these trends are true across all three regression schemes). As for Model 3, there is no sufficient evidence to conclude that it better fits the data than Models 1 or 2, as F-tests give F(5, 52) ¼1.91 (p ¼0.11) between Models 1 and 3, and F(5, 52) ¼0.67 (p ¼0.65) between Models 2 and 3. However, there are several indications that using WLS-Sample Size regression may not be suitable for this meta-analysis. For example, primary study sample size is not known for all 63 studies, and in the 60 studies for which it was available, the sample size spans a large range between 20 and 66,000. Furthermore, Fig. 11 suggests that the WLS-Sample Size regression scheme does not necessarily reduce discrepancies in the predicted WTP over the OLS models.
In the case of the WLS-Robust regressions, income is significant at the 10% level for both Models 1 and 2, and the interaction term is also significant at the 10% level for Model 2. Because the robust bisquare estimator follows the bulk of the data, it has the smallest standard errors associated with its regression variables and low sensitivity to outliers. This trend is confirmed in Fig. 11 by the similarity between the median observed WTP and the median estimated WTP values, as well as by the narrow interquartile range associated with the three WLS-Robust regression models. Finally, F-tests between Models 1 and 3, and Models 2 and 3 give F(5, 55) ¼1.07 (p ¼0.38) and F(5, 55) ¼0.99 (p ¼0.43), respectively, which indicate that Model 3 does not better explain the metaanalysis observations than the more parsimonious Models 1 and 2.
Appendix C. Airports and sources of income data See Table C1 . (World Bank, 2010) . c Average personal income was only available at the country level, whereas disposable income was available at both the country-level and the city-level. The countrylevel average personal income was used, and adjusted to the city-level by the ratio of the city-level and country-level disposable income. d Source: Japan International Cooperation Agency, Planning and Evaluation Department (2003) .
